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Extrait

Nous proposons et evaluons des nethodes de localisatioh de poursuite
des cibles non-cooperatives en exploitant des mesures gigss ealiees sur
leurs emissions. Létude comporte ainsi deux grandes ptes : la premere
concerne la localisation aussi bien de stations de base queesdations mo-
biles dans des sysemes de communication sans |, la secend'ineresse
a la poursuite d'une ou plusieurs cibles evoluant sur un eseau routier en
pesence de fouillis dechos (clutter). Ce travail s'ingrita la fois dans le
ceveloppement d'algorithmes novateurs d'inerence stigstique pour la local-
isation et l'utilisation du ltrage particulaire dans des sStuations au les con-
traintes des routes sont incorpoees dans le moctle dwlution de la cible.
Ces tlematiques sont exploees avec le souci constant devdlopper une
methodologie qui tient compte aussi bien des erreurs daned mesures que
des a priori sur le ceplacement de cibles (cas de la pourseiit Le esultat de
cette recherche a permis leclosion d'algorithmes robuss dont certains sont
cep utilisesa des ns industrielles.






Abstract

We propose and evaluate methods for the localization and tking of non-
cooperative targets from passive measurements of its raddmissions. This
study is divided into two main parts: the rst one concerns abut the local-
ization of mobile stations or base stations in wireless conumication systems
and the second one concerns about tracking a single or seVéasegets moving
along a road network in presence of clutter. More speci cgll we propose
novel algorithms based on statistical inference for the latization and use
particle lters for the situations in which road constraints are incorporated
into the dynamic model of the target. These issues are studiewith the

objective to propose a methodology able to take into accoumtrrors in the
radio measurements as well as a priori information one may \eabout the
target dynamics (tracking case). The result of this resednchas permitted
the development of robust algorithms, some of which are akdy being used
in the industry.
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Resune en Frarcais

Les probemes de localisation et poursuite ontet largeent etude ces
derneres anrees [8,37,38,44,64,65, 71, 74] grace aile applications civiles
et militaires. L'objectif de notre etude est de localiser £de poursuivre des
cibles non-cooperatives en exploitant des mesures passvealiees par
des intercepteurs mobiles. Letude comporte ainsi deux gndes parties :
la premere concerne la localisation aussi bien de statisnde base (BS)
que de stations mobiles (MS) dans des sysemes de commutiga sans
[, la seconde s'ineresse a la poursuite d'une ou plusiets cibles evoluant
sur un eseau routier en pesence de fouillis dechos (atter). Ce travail
s'inscrita la fois dans le ceveloppement d'algorithmes avateurs d'inerence
statistique pour la localisation, l'utilisation du ltrag e particulaire dans des
situations ai les contraintes de deplacement de la cibleasit incorpoees
dans le moctle devolution, des technigues d'associatiode donrees dans le
cadre de poursuite multi-cibles. Ces thematiques sont &s actuelles et sont
exploees avec le souci constant de cevelopper une netlologie base sur
des mesures facilement accessibles tout en proposant unedhsation qui
tient compte aussi bien des cefauts dans la transmission sl@onrees que
des a priori sur le ceplacement de cibles, dans le cas de e#lmobiles. Cet
e ort constant de validation dans des s@narios complexespermis leclosion
d' algorithmes robustes dont certains sont cep utiliesa des ns industrielles.

Ce esune suit le plan suivant : La partie | pesente la nethodologie de
localisation proposee (section 1.1) ainsi que son appligan pour la localisa-
tion d'une BS (section 1.2) et d'une MS (section 1.3). La paie Il pesente
le probeme de la poursuitea l'aide de l'information de terain (section 1.4)
et propose deux nethodes pour exploiter l'information d'ne carte du eseau
routier dans le probeme de poursuite mono-cible (sectioh.5) et multi-cible
(section 1.6). Finalement, dans la section 1.7 nous donnoles conclusions.
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BS

No— =
Intercepteurs — &

Fig. 1 { Localisation

1.1 Approche statistique propo®e

Nous nous ineressonsa la localisation passive et non-gerative de sta-
tions de base (BS) et de stations mobiles (MS) d'un eseau & partir de
mesures radio e ectlees par des intercepteurs mobiles, ivogure 1. Typi-
quement, les mesures radio sont : le temps d'arrivee (TOA)a dierence de
temps d'arrivee (TDOA), lI'angle d'arrivee (AOA) ou le niv eau de puissance
recue (RSS). De facon gererale, la mesure radio e ectae par un intercepteur
a |I' ieme position d'interception peut skcrire par

z = h(pc; p)

al pc est la position inconnue de la cible (MS ou BS) g4 la position connue
de l'intercepteur.

1.1.1 Sources d'erreurs et de bruit

En pratique, les mesures radio pesentent des erreurs dues
Au bruit additif introduit principalement par lequipement de mesure

zi = h(p;p)+ &

al e N (0; ?) estun bruit additif blanc Gaussian de moyenne nulle
et de variance 2.

Aux o sets sysematiques introduits, par exemple dans des sysemes
bases sur le TOA ou le AOA, par les temps de eponse non nulldes
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MSs ou BSs ou bien par des mauvaises calibrations de leqgaipent de
mesure

zi = h(p;p)+ +e
al prend en compte I'o set sysematique.

A la quanti cation lee aux bandes passantes eduites du syseme de com-
munications et/oua une pecision nie du syseme de mesue

yi = Q(z)

al Q() cenote le quanti cateur.

A la propagationa trajets multiples occasionree par les divers obs-
tacles rencontes par les signaux transmis lors de leurs gpagations
vers lintercepteur

T
Yi= oyl oy y
al y{ pourj =1: M; sont les mesures lees auM; trajets de propa-
gation arrivanta la position d'interception i.
A la propagation en non ligne de vue (NLOS) occasionree par des
obstacles obstruant la ligne de vue (LOS) entre la cible etrtercepteur.

1.1.2 Mocakle de mesure

Sans perte de cereralie et sous les hypotheses faitesgeedemment, on
peut consicerer que I'ensemble de mesures proviennent d'seul intercepteur.
Dans ce cas, I'observationa I'eme position d'interception sécrit :

Yi= yloy? y 1)
al
y = Q(z); si =]
! Ui; si 6] ou ;=0
et a

{ zi= h(p;pi)+ + & repesente la mesure en LOS en pesence de bruit
additif & N (0; 2) et d'un o set sysematique

{ uy U (E) repesente la mesure en NLOS, consicee par simplicé
comme une variable akatoire uniforme dans l'espace de mesE,
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{ i est une variable akatoirea valeurs dand 0; 1;:::;M;g qui indique
I'index de la mesure en LOS si; 6 0 avec

8

<1 P, si k=0

Po=M; si k60

al Pp 2 [0; 1] est la probabilie de cetection de la cible.

{ M; est le nombre de mesures issues dds trajets de propagation. Il
peut &tre : i) connu et xe ou ii) une variable akatoire suvant une loi
de Poisson.

1.1.3 Estimation de la position de la cible

La position de la cible est estineea partir den mesures incependantes
en utilisant le maximum de vraisemblance
A X
= argmax logp(Yi; ) (2)
2

i=1

al
{ l'on suppose que le mockle est domire par une mesure et p(Y;; )
cesigne la pdf par rapporta
{ estl'ensemble de paranetres assocesp(Y;; ), par exemple la posi-
tion de la cible, ainsi que d'autres paranetres nuisibles.

Comme la maximisation en (2) est analytiquement complige et que le
moctle est un \nelange”, nous avons utilie l'algorithme \Expectation-
Maximization (EM) " pour explorer les maxima de la log-vraisemblance.

1.2 Algorithme de localisation ba® sur le
temps d'arriee

La nethodologie de localisation pesenee peedemnent est appliglee au
probeme de la localisation d'une BS du syseme GSMa paiit des mesures
d'avance temporelle (TA). La mesure de TA est disponiblead MS lors d'un
appel et elle se renouvelle chaque 480ms.

1.2.1 Principe de l'avance temporelle

Le GSM utilise dans son interface radio le multiplexage erefuence
(FDMA) et en temps (TDMA). Chaque porteuse, dans le sens moant
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BS

<)

Fig. 2 { Le concept de l'avance temporelle : a) deux MSs sitiees des
distances dierentes par rapport leur BS, b) chevauchemendes bursts do
aux dierents temps de propagation, c) la mesure de TA est ulie pour
eviter le chevauchement.

comme descendant, est diviee en 8 canaux logiques (amseklots) utili-
sant le mode TDMA. Pour que le TDMA fonctionne, les signaux emyes
par les MSs (appeks bursts) doivent arriver a la BS de faon synchrone,
c'esta-dire dans leurs slots correspondants, voir gure. An deviter le
chevauchement de bursts d0 aux dierents temps de propagian MSs-BS, le
concept d'avance temporelle est employe. Ceci consisteiadiquera chaque
MS le temps gu'elle doit avancer sa transmission pour recévses bursts
dans le slot assigre. La mesure de TA est e ectiee par la Bugl'envoiea la
MS sous un chi re coce sur 6 bits. Le TA est donc un nombre ergr entre 0
et 63 repesentant le nombre de temps symbolel{=3;7 s) que la MS doit
avancer sa transmission.

1.2.2 Localisation par TA

La distance MS-BS,z, comme fonction du TA est donree par

1
q z< TA+ - ¢

0 TA
max >

NI =
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En l'absence de bruit de mesure, decarts sysematiquest ele donrees
aberrantes, les valeurs du TA en trois positions permetterde localiser la
BSa l'inerieur de l'intersection des trois couronnes (wir gure 3 a)). Il est
a noter que, malge la quanti cation, il est possible, en I'absence de bruit,
d'estimer la position de la BS avec une pecision aussi grde que 'on veut.
Il sut, en e et, de ceplacer la MS avec un pas susamment petit dans
n'importe quelle direction; on observe un changement de laleur du TA,
ce qui eduit la couronnea un cercle. En epetant cette ogeration trois fois,
on obtient la position de la BSa l'intersection de trois cetles.

En pratique les valeurs des distances obtenues a partir de$As
sont : bruiees, avec un o set, quantiees et quelques une dierent
consicerablement de leurs vraies valeurs, voir gure 3 a)Cependant, il est
encore possible d'a ner la mesure de distance en utilisantapproche statis-
tigue propoxe peedemment. Le esultat est un algorthme que nous ap-
pelons\Algorithme de Localisation Ba® sur le Temps d'Arrive
(TABLA)"

1.2.3 Initialisation de TABLA

Quatre paranetres doivent &tre initiali’es dans TABLA : la probabilie
de cetection de la ciblePp, la valeur de I'o set sysematique , la variance
du bruit additif 2 et la position de la BSxs.

Nous utilisons de l'information a priori [72,96] pour l'intialisation de
~=550 met ~ 277 m. On posePp = 0:5 ce qui repesente lincerti-
tude maximale pour savoir si ce que I'on observe est une meswen LOS
ou en NLOS. Finalement, on prend pouxs-plusieurs initialisations d'une
grille sitee sur la zone de surveillance, voir gure 4. Chaune de ces initia-
lisations donne un estine correspondanta un maximum lodade la fonction
de vraisemblance. Cependant, on garde l'estinre qui donna haleur de la
vraisemblance plus grande.

1.2.4 Resultats

TABLA aet tese avec des donrees eelles. Les donres onet collecees
lors des campagnes de mesure eali®es dans des environeets du type
urbain, semi-urbain et rural. Les esultats de 6 campagnese pesentent
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0 . . . . .
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Fig. 3 { a) Localisation par avance temporelle : trois valeurs deA en posi-
tions distinctes permettent de localiser la BS. b) Histograme des dierences
entre la vraie position de la BS et la position centrale de laoaronne de quan-
ti cation.
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BS initialization

True BS position

a)

b)

2000

Fig. 4 { a) Grille d'initialisation. b) Convergence de TABLA vers un maxi-

mum local.
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| Terrain | n [de[m]|
rural 1148 93
semi-urbain| 745 | 173
semi-urbain| 244 | 237
semi-urbain| 340 | 163
urbain 252 84
urbain 207 | 378

Tab. 1 { Resultats obtenues par TABLA lors de six campagnes de meee.
La premere colonne indique le type d'environnement, la dxeme le nombre
de TAs colleces et la troiseme la distance entre la posibn estinee et la
vraie position de la BS.

dans le tableau 1.

Il est a remarquer que la pecision d'estimation est en desss du pas de
quanti cation (554 m).

1.3 Algorithme de localisation ba® sur l'angle
et le retard d'arrivee

Le probeme aborck ici est celui de la localisation d'uneiblea partir des
mesures de TOA et AOA issues d'une estimation du canal. Le adnesta
trajets multiples (avec ou sans LOS), ce qui occasionne |la&gence de mul-
tiples mesures (chacune assoceea un trajet de propagati) au niveau de
I'intercepteur. Le canal introduitegalement du bruit et desevanouissements
Rayleigh. D'autre part, chaque intercepteur estequipe dun eseau de cap-
teurs ainsi que d'une chame compkte de cemodulation.

1.3.1 Principe de l'estimation conjointe de TOAs et
AOAs

Suivant [81], 'estimation conjointe des AOAs et TOAs (JADE) consiste
a:

{ estimer la eponse du canala l'aide de £quences d'appntissage

{ eta exploiter I'expression de la eponse du canal.

1De l'anglais Joint Angle and Delay Estimation.
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On cemontre que cette expression peut skecrire
y©@=U(; )b+ v 3)

al U() est la matrice de eponse spatio-temporelle, fonction deQ TOAs

=[ 1::: o]" et AOAs =1 1::: o]" qui caracerisent la propagationa
trajets multiples entre la cible et l'intercepteur. b = [B : ::l:g)] et v
sont respectivement des termes nuisibles lees aux evamssements et au
bruit d'estimation.

Le probeme JADE consistea estimer et a partir d'une suite d'esti-
mations de canalfy®;:::y®)g et en utilisant le mocele (3). On peut donc
envisager l'utilisation de nethodes telles quaMUSIC ou ML pour estimer

et

1.3.2 Fonction d'estimation

Nous proposons d'utiliser la loi asymptotique dée&* = [A A issue des
methodes MUSIC et ML pour obtenir une fonction d'estimation de la position
de la cible. Comme la loi asymptotique dcepend des paranmedss a estimer
nous avons adope une facon classique de proeder qui ciste a remplacer
les parametres par des estimations consistantes.

Plus formellement, apes I'estimation des TOAs et AOAs viaMUSIC ou
ML nous avons deux types de mesures : celles issues d'une pgapion en
LOS ou NLOS. Par la suite, nous cetaillons la mocelisationpour chaque

type.

Mesures en LOS

La distribution asymptotique du TOA et AOA assocee auqg trajet en
LOSa I'ieme position d'interception est donree par
p_
S(A:ﬁs ig) !N (05 i) (4)
a g 2 f1,2:::;Qg est lindice pour les trajets a la position i,
i 2f1;2;:::;1gest l'indice de positions et
{ iq =[iq iql" estlavraie valeur des parametres en LOS et

{ iq estla covariance asymptotique dé}}’>' ou A

ai
En theorie,
o — f( i;Bi)



XXVi Resune en Frarcais

est une fonction ¢ nie par MUSIC ou ML qui cepend de paranetres
inconnus tels que les vraies valeurs de TOAs et AOAs du canaltrajets
multiples | =[ iq,::: iq] €t des paranetres nuisiblesB;.

En pratique, on utilise des estimations consistantes pouf( B)) andob-

tenir :
N
i = foq (%) |§i)

En vue d'une relation directe entre “©S et la position de la cibleX =
[x y]" donree par une transformation connue “°5 7! X'°S on peut
eecrire (4) en utilisant la methode delta comme

p_
SXig® X)IN (0 "ig)

avec
Ai;qi =T J(X)Ai;qir ‘](X)H

al r J(X) est le Jacobian de la transformation.

Mesures en NLOS

Pour les mesures de positioiX{°° issues d'une mesure "“°% nous
consicerons
NLOS
%i;m U (R)

al U(R) cesigne une distribution uniforme sur la zone de survedhceR.

1.3.3 Algorithme de localisation et initialisation

A n d'estimer la position de la cible, nous avons traie lesmesures de
position X905 et XNLOS ainsj que leurs matrices de covariance asympto-
tique " obtenuesa un certain nombrel de positions d'interception avec
I'approche statistique propose. Le esultat est un algothme que nous
appelons\Algorithme de Localisation Ba® sur I'Angle et le Retard
d'Arrivve (ADABLA)".

Deux paranetres doivent etre initialises dans ADABLA : la probabilie
de cetection de la ciblePp et sa positionX'. Pour les initialiser nous avons
employe la proedure cecrite dans la section 1.2.



XXVii Resune en Frarcais

Noise
\"’”””""”””’”””””””””””‘
1 BS; !
! |
! |
Multipath : Channel |
MS ! ULA = Sampler ) ) |
channel | estimation !
! |
! |
i | |
| |
| |
A CMC ! |
. fXi; HEHeTR Mttt Mg ‘ Multipath |
Xms . T2 1:Q Gi=1: 1 R ‘ !
~— ADABLA & . l parameter estimation !
. L |
fX1;"1.1.0,g Transform. Mgt ! !
- BS: | |
X | T e

Fig. 5 { Diagramme conceptuel des simulations pour ADABLA.

1.3.4 PResultats des simulations

Nous avons tese ADABLA dans un senario de simulation mliste a la
cible repesente la MS et les intercepteurs 3 BSs. La MS tramet des signaux
nuneriquesa une cadencel, = 3:7 s sur un canala trajets multiples. Les
signaux se propagent sur trois trajets dominants qui introgisent du bruit et
des evanouissements Rayleigh. A chaque BS les signaux soauus a l'aide
d'un eseau multi-capteurs avec 5 capteurs. La sortie dueseau est ensuite
echantillonree en tempsa une cadence dd = T,=2. Lesechantillons et les
Lquences d'apprentissage sont utiliees pour estimer kanal via moindres
carees. 20 estimations de canal sont employes pour asgr les TOAs et
les AOAs via les nethodes JADE-MUSIC et JADE-ML. Finalemen, les es-
timations sont exploiees par ADABLA a n d'estimer la position de la MS.
Le diagramme conceptuel des simulations ainsi que les #siis sont donres
respectivement par les gures 3.16 et 6.
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Fig. 6 { a) Courbes de RMSE et b) BIAIS de I'estimation de la positio
de la MS en fonction du SNR (dB), obtenuesa partir des 500 sumations
Monte Carlo. ULA avec 5 capteurs. Nombre de slots = 20. Nombrée BS
= 3. Nombre de trajetsa chaque BS = 3. En bleu ADABLA-ML. En rouge
ADABLA-MUSIC
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1.4 Description du probéme

De facon cererale, les seules entees aux sysemes deoprsuite sont les
mesures e ectuees par un ou plusieurs capteurs. Cependald connaissance
de I'environnement dans lequel la cible se teplace peutrétexploiee dans
un cadre Bayesian.

Dans le contexte de la poursuite de cibles terrestres [45],6Bous nous
ineressons a la poursuite par mesure d'angle seul d'un mabre connu de
cibles que se ceplacent sur un eseau routier. Dans ce cente, l'information
a prioria exploiter par le syseme de poursuite est la cam du eseau routier.

Les principales consicerations que nous faisons sont :

{ Le eseau routier (voir gure 4.2) est cecrit par un graphe oriene
G =(V;E) aw V ctsigne I'ensemble des sommets repesentant les in-
tersections des routes eE I'ensemble des arétes orienees,a savoir un
ensemble de couples ordonres de sommets, repesentard feutes. On
note (i;j) 2 E l'aréte qui va du sommeti au sommetj. Les routes
peuvent etrea double sens de circulation, dans ce cas le®tas (;j )
et (j;i) appartiennenta E. On note i; la longueur de l'aréte (;j ).
Chaque sommei possede un ensemble de descendants Childrendu-
quel on associe une distribution de probabilie ;.

{ Les mesures d'angle, e ectiees par un groupe d'interceptirs mobiles,
skecrivent suivant le mockle (1).

{ Les cibles suivent un mouvement rectiligne uniforme (MRU}perturke
donre par :

Xk = FXg 1+ Gy 1 ©))

al Xy, = X Yy X Yy estle vecteur detat de la cible a l'instant k
compo% par sa position et sa vitessé et G sont des matrices de
transition et  est un proes de bruit additif.

1.5 Poursuite mono-ciblea l'aide d'un eseau
de routes

Nous proposons un algorithme a deux etapes pour la pourdi d'une
cible mouvant dans un eseau routier. Dans la premereetpe etape batch),
I'algorithme emploie une proedure peu colteuse baseirsle maximum de
vraisemblance pour estimer I'angle en LOS. Dans la secone@pe €tape
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Fig. 7 { Exemple de eseau routier.

ecursive), l'algorithme exploite I'estime de lI'angle en LOS pour initialiser un
Itre particulaire egulariee qui maintient la poursuit e de la cible en estimant
de facon ecursive son vecteur detat.

1.5.1 Methode pour I'exploitation du eseau routier

A n d'exploiter l'information du eseau routier dans le syseme de
poursuite nous proposons de :

1. Contraindre la direction du vecteur vitesse de la cible@e qu'elle soit
paralklea la direction de la route dans laquelle la cibleest suppose se
ceplacer [60]. Ceci peut secrire comme

A v=0

al fs est un vecteur normala la routes et ¥ = [x y]" est le vecteur
vitesse de la cible.

2. Contraindre la position de la cible en utilisant le concdple la pseudo-
mesure [22,37,77]. La pseudo-mesure que nous introduisesisdonree
par

de = h(pk;s) + wax
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al px est la position de la cible a l'instant k, s est la route la plus
prochea la cible, h(py;s) est la distance Euclidienne entrgy et s et
Wa N (0; 2) est le bruit de mesure.

3. Moctliser le proes de bruit additif comme unproes de bruit direc-
tionnel [44]. Ceci consistea consicerer poury dans le mocele (5) une
matrice de covariance donree par

Q. = coss sins 20 coS ¢ Sin o
S sin g coss O 2 sing cos g

avec 2 2eta s estlangle entre la routes et 'axe x.

1.5.2 Moakle dévolution

Dans le contexte de la poursuite par mesure d'angle seul (B&T on
a cemonte [2] que l'utilisation des coordonrees polaies modiees (CPM)
pour repesenter le vecteur detat de la cible produit desalgorithmes plus
stables que ceux bases sur une repesentation Caresian. Suivant ces
esultats nous utilisons par la suite les CPM.

Dans ces conditions le mockele devolution relatif contrint peut secrire

k1 = Fs( k) %+ «

al
{ «x= « % « Ik ®est le vecteur detat de la cible en CPM,
{ fs( «) cecrit levolution relative de la cible dans la direction de s par
rapporta un intercepteur non-man uvrant
{ % prend en compte uneaceération constante  de l'intercepteur
{ « N (0;Q) est le proes de bruit additif construita partir du
moctle de proes debruit directionnel.

1.5.3 Implementation : Filtre particulaire egulari®

L'estimation ecursive du vecteur detat de la cible aeke ealise par le
Itre particulaire egulariee (FPR) [56]. A la dierenc e du ltre particulaire
standard (FPS), dans le FPR les nouvelles particules sont gendees a
partir d'une approximation continue de la distribution a pacsteriori p( «jZk)
(voir gure 8). Cette approximation aet ealieea I' aide des noyaux de

2De l'anglais Bearings-Only Tracking.
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Fig. 8 { Etape de egularisation dans le ltre particulaire egularise
Epanechnikov

L'initialisation du Itre particulaire s'e ectue en utili sant une proedure
batch au I'objectif principal est d'estimer la direction en LOS a n d'initialiser
les particules du FPR sur cette direction.

1.5.4 Simulations et esultats

Le senario de simulation consiste en une cible et un intexpteur
mouvant sur le eseau routier monte dans la gure 9. La cilbe se cteplace
a une vitesse de 54 km/h et cecrit la trajectoire rouge. La vtesse de
I'intercepteur est de 60 km/h et decrit la trajectoire bleue. L'intercepteur
obtient des mesures d'angle chaque 0.5 s avec une pecisi® 0.5 deg. Le
nombre de particules utilie par le lItre particulaire est 1000 et la loi de
proposition est la loi a priori.

Les esultats de 100 simulations Monte Carlo en utilisant o FPS et un
FPR sont donres respectivement par les gures 10 et 11.
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Fig. 9 { Senario de simulation : en bleu, trajectoire de l'intecepteur. En
rouge, trajectoire de la cible. En vert-pointile, eseau routier.

1.6 Poursuite multi-ciblea l'aide d'un eseau
de routes

Nous proposons une proedure originale pour contraindréeMolution
des cibles terrestres mouvant sur un eseau routier. Plusegiement, nous
proposons une repesentation du vecteur detat et un algathme devolution
qui permettent d'exploiter l'information du eseau routier. D'autre part,
nous exploitons deux caraceristiques suppementairemclues dans les cartes
routeres : 1) les sens des routes ainsi que 2) la probaleld'emprunter une

route quelconque lors du passage de la cible sur une intetget (petrence
de tra c).

La proedure propose est tesee dans un cadre de pourseiimulti-cible

en utilisant le \Monte Carlo Joint Probabilistic Data Assodation Filter (MC-
JPDAF)" [87].

1.6.1 Espace detats

On propose de moctliser letat de la ciblea l'instant k par
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2 3
(i3] )«
Xk = 4 dk
Vi

al
{ (i;j )k cenit le segment de route allantdu i auj,
{ d¢ 2 R* est la distance de la cible par rapportai et
{ v« 2 R* est le module de la vitesse de la cible
Par la suite on note par
{ ) lalongueur de la route (;j )i et
{ Children(i) un operateur de eseau qui donne I'ensemble des sommets
descendants du sommeit

1.6.2 Moakle dévolution

Levolution de letat est donree par l'algorithme 1. Not ons que, suivant
cet algorithme, la loi a priori de la position sur l'aréte etsune loi \Gaussienne”
tronquee. La queue gauche est tronqlee par la position da kiblea l'instant
k et la queue droite est tronqee par le sommet, et repartie sur les arétes
descendantes avec une ponceratiop, ( «) (voir gure 12).

1.6.3 Poursuite multi-cible : MC-JPDAF

La poursuite multi-cible est particulerement compliquee a cause de
I'incertitude de l'origine des mesures qu'implique le calt des probabilies
pour l'association de donrees (PDA) [9]. An de esoudre e probeme
dans l'application envisagee, nous avons utilie le Ite JPDAF 4 [9] qui
meta jour les distributions marginales pour chaque ciblg(Xxjy1k) pour
t = 1:::M a travers les ecusions de l'estimation squentielle Bgesienne
donrees par :

o . R . .
Pediction  : p(XekjYik 1) = Pe(XexiXek D)Pe(Xex Y1k 1)Xex 1

Correction : pr(XekjY1k) I Pr(YeiXek )Pt (Xek Y1k 1)

al le pas de pediction se ealise incependamment pour chaque cible,
tandis que le pas decorrection se ealise en prenant en compte l'incertitude
d'association de donrees dans la vraisemblance pour la lelt, p(YkjXtk)-

4De l'anglais Joint Probability Data Association Filter.
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Algorithm 1 : Evolution de letat de la cible
Calculer :

d’= dy + Yg{{_¥ (6)

@  est une variable akatoire, gaussienne, centee, de varice 3. Letat 3
a l'instant k + 1 est obtenu de la faecon suivante :

{si < 0, on eiere (6),
{ si 0
{sid ), alors

2 .3
(5 )«
Xy+1 = 4 d° 5
Viet &
{ si &> ), alors 2 3
(I
Xinr = 4% ), 0
Vit

al T est la periode dechantillonnage, ¢ est une suite de v.a.
incependantesa valeurs dans Children) suivant une loip;, ( ) donree

de trac. Les loisp;, ( «) pour I'ensemble des sommets sont supposees etre
connues.  est une v.a. Gaussienne, centee, de variancg.

On suppose que les suites akatoiresy, «, « Sont conjointement
incependantes.

Le JPDAF aek ceveloppe dans un cadre du ltrage de Kalman. Cepen-
dant, dans le cas envisage, son implementation n'est pascfiea cause de la
loi devolution des cibles qui est non-Gaussiene. C'est poquoi I'implemen-
tation de ce ltre dans le cadre particulaire aete pek ee. Nous avons donc
utilise le Monte Carlo JPDAF ( MC-JPDAF ) propos par [87].

1.6.4 Simulations et esultats

Le s@nario de simulation consiste en trois cibles et deuxtercepteurs
mobiles mouvant dans un eseau routier a une vitesse de 642 et 79
km/h pour les cibles et de 46 et 68 km/h pour les intercepteursLes
mesures d'angle sont obtenues chagué = 2s avec une pecision de

, = 2deg pour lintercepteur 1 et , = 3deg pour lintercepteur 2. Le
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nombre de trajets en NLOS aet moctli® comme une variale akatoire
poissonnienne de paranetre .. La probabilie de detection de la cible estPp.

Nous avons tese l'algorithme pour trois cas que nous avondassie
comme facile, moyen et di cile (voir table 2).

Easy | Medium | Hard
Po | 0.99 0.8 0.6
c 2 3 5

Tab. 2 { Valeurs de la probabilie de cetection de la ciblePp et du taux de
trajets en NLOS . pour trois types de conditions dierentes.

Les esultats de 100 simulations Monte Carlo sont donresar la gure
13.

1.7 Conclusions

Cette these propose deux outils permettant de esoudre deprobemes de
localisation et poursuite de cibles non-cooperatives. Ligremier outil est une
methodologie pour la localisation d'une cible xe ou mobi¢ (BS ou MS) d'un
eseau GSMa partir de mesures de TOA, TDOA, AOA, RSS, etc. [autre
part, la methodologie prend en compte des mesures corrongsl par bruit
additif, o sets sysematiques, quanti cation, propagationa trajets multiples
et propagation en NLOS. Deux applications de la nethodolag propose
pour la localisation d'une station de base et une station mdb ont donre
respectivement les algorithmes TABLA et ADABLA. Les perfomances de
ces algorithmes ontee tesees sur des donrees syntliques et dans le cas
de TABLA sur des donrees eelles.

Le deuxeme outil consiste en deux nmethodes pour exploite'informa-
tion d'une carte du eseau routier lorsque I'on e ectue la pursuite de cibles
mouvant sur un tel eseau. Bases sur ces nethodes, nous @vs propoe res-
pectivement deux algorithmes pour la poursuite mono-ciblet multi-cible
par mesure d'angle seul.
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Fig. 10 { Resultats de 100 simulations Monte Carlo avec un ltre @rticulaire
standard. a) RMSE (km) de la position en fonction du temps (minutes)b)
Vraie trajectoire (bleue) et trajectoires estinees. Paraetres de simulation :

Probabilie de perte du LOS = 1-Pp ; Nombre d'angles obsenes = 3; Vitesse
de lacible 54m=s; Vitesse de l'intercepteur 60m=s; T = 0:5s; Nombre
de particules = 1000; =0:5 deg.
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Fig. 11 { Resultats de 100 simulations Monte Carlo avec un ltre @rticulaire
egulari. a) RMSE (km) de la position en fonction du temps (minutes)b)
Vraie trajectoire (bleue) et trajectoires estinees. Paraetres de simulation :
Probabilie de perte du LOS = 1-Pp ; Nombre d'angles obsenes = 3; Vitesse
de lacible 54m=s; Vitesse de l'intercepteur 60m=s; T = 0:5s; Nombre
de particules = 1000; =0:5 deg.



xli Resune en Frarcais

d

—

Vi

Fig. 12 { Loi a priori p(xk+1jXk) lors d'une bifurcation.



xlii Resune en Frarcais

2000

— Easy
Medium
== Hard
1500+
€ N
= 1000} K
c Y
K=} | 3
B -
o Ss,
e S
ul ST Y IR R
2 500 g 1 1
['4 \\-_ | |
: l [
500 i i i i i
0 200 400 600 800 1000 1200
Number of particles
a)
30
— Easy
Medium
== Hard
251
i
£,20r K
[} I
Q. -,
2 Stk e
w
g 15 T
"4 B |
101 l
5 i i i i i
0 200 400 600 800 1000 1200

Number of particles
b)

Fig. 13 { Resultats de 100 simulations Monte Carlo.a) RMSE (m) de la
position en fonction du nombre de particules du Itre partizilaire. RMSE
(m/s) du module de la vitesse en fonction du nombre de partites du Itre
particulaire.









Geo-localization and tracking
In mobile networks

by
Nadir Castareda Palomino

Submitted to the department of Signal and Image Processing
in partial ful lIment of the requirements for the degree of

Doctor of philosophy in telecomunications

at the
Ecole Nationale Superieure des Teécommunications

July 4th, 2008






General introduction

Localization and tracking of emitting targets are two appekng topics from
a data processing point of view because of their many civitisand military
applications. Abundant examples for such applications raye from safety
location services for mobile users and vehicle navigatioa tocalizing furtive
networks and surveillance of threat moving targets. Locaation is the pro-
cess of determining the position of a target in space from nmgaements
relating the positions of the target and the sensors emplayeo obtain such
measurements [13]. Tracking is the processing of measuretseobtained
from a moving target in order to maintain an estimate of its khnematic pa-
rameters (position, velocity, acceleration, and so forthP,65]. In some cases,
the problem of tracking may be reduced to a series of localtean problems.
However, localizing a stationary target often di erers fron tracking a moving
target because the latter exhibits a dynamic behavior usugltaken into ac-
count. A variety of solutions exist for the localization andrracking problem
distinguished by the characteristics of the target (i.e. >ed, walking, wheeled
or aying targets), the environment (indoors or outdoors),and the available
technology (i.e. the type of sensors used to obtain measurents).

This thesis focuses on the localization and tracking of nareoperative
emitting targets in outdoor environments. These non-coopative localiza-
tion and tracking problems arise whenever one is attemptingp locate or
track an emitting target without its active participation i n the process. In
the following we detail the objectives for each problem.

Localization problem

We concern about the problem of localizing a target in a wirebs communi-
cation system such as the Global System for Mobile communiaans (GSM)
and the Universal Mobile Telecommunications System (UMTS)Under this
context, the target represents a network element (mobile &tion or base sta-
tion) of the communication system. The objective is to prode a method-
ology to localize network elements using the most common fiadmeasure-
ments, i.e. time of arrival (TOA), time di erence of arrival (TDOA), angle

1



2 General introduction

of arrival (AOA) and received signal strength (RSS) [36,388]. We look for
a robust methodology against impairments in the radio measements intro-
duced by the propagation environment such as multipath andan line of
sight (NLOS) propagation [13,72]. Furthermore, the methoology must also
consider impairments due to network elements’ calibratioand today's wire-
less communication systems limitations (i.e. limited bandidths), which may
give rise to measurement noise [84], systematic o sets [88] and quantized
measurements [51, 54].

To solve the localization problem the maximume-likelihood NIL) method
is adopted. The ML method nds the estimate of a parameter themaximizes
the probability of observing the data (i.e. collected measaments) given a
speci ¢ model for the data. As it will be shown the probabilisc model,
issuing from the mathematical model proposal for the data, ddongs to a
mixture family. It is well-known that in presence of mixture models the
expectation-maximization (EM) algorithm [26] provides a inple means to
compute the maximume-likelihood estimates of parameters the probabilistic
model.

Tracking problem

Tracking ground moving targets is an interesting issue witlmany practical
applications such as surveillance of convoys in military @pations [44] and
airport surface tra ¢ management [30,39]. Ground target tacking is chal-
lenging because measurements obtained from sensors uguadintain a high
number of undesirable returns (clutter) from extraneous gbcts in the envi-
ronment [23]. However, since ground targets move on earttsarface it may
exist some prior non-standard terrain information such agpged constraints,
road network, and so forth, which may be used in the tracker tproduce
better (sequential) estimates of the target state [65]. Specally, we are
interested in tracking targets moving along road networks.Therefore, the
prior information to be considered is a digitalized represgation of the road
network. The ultimate objective we are pursuing is to propasmethods able
to exploit road map information to yield accurate target stée estimates and
which may also help to reject clutter.

Since the incorporation of road network information usuajl leads to
highly non-Gaussian posterior densities that are dicult to represent ac-
curately using conventional lItering techniques [65], i.e Kalman Itering,
we use particle Itering methods [7] to solve the tracking pwblem.
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Thesis outline

This document is organized into two main parts, whose desption is in
order:

The part | : is devoted to the localization problem in wireless communi
cation systems. We introduce this part presenting the impeance of
localizing wireless network elements and giving the priorawk done in
this area. In chapter 1 we propose a methodology to localizetwork el-
ements using the most common radio measurements. The metiodahy
accounts for impairments on the radio measurements due to ditive
noise, systematic o sets, quantization, multipath and NLCS propaga-
tion. In chapters 2 and 3 we present, respectively, two apphtions
using the proposed methodology to localize a base station§Bfrom
quantized TOA and a mobile station (MS) from joint AOA and TOA
measurements. The resulting algorithms are tested under alkenging
simulation scenarios, and the algorithm presented in chagt 2 is tested
using real eld measurements.

The part Il : is devoted to the ground target tracking problem using road
map information. We start this part by talking about the importance
of using terrain information for ground target tracking andwe give
the prior work done in this area. Then, in chapter 4 we formate the
problem of terrain-aided target tracking and we provide thenmost used
methods to exploit road map information. We also introducehe con-
cept of data association problem and we recall the theory ofgicle
Iters. Based on this study, chapter 5 proposes a combinatioof the
classical methods to exploit road map information to yield étter state
estimates in the classical problem of bearings-only traclg. Chapter
6 presents a new method to incorporate road network informian ac-
counting for road direction and tra ¢ ow information. The m ethod is
tested under a challenging multiple-observer multiple-tget tracking
scenario. Proposed approaches are tested under realisticudation
scenarios.

Some of the work presented in this thesis has been publishedridg the
course of this research. The applications presented in chiaps 2 and 3 appear
respectively in [18] and [20], and that one presented in chigp 5 appears
in [21] and [19].



4 General introduction

Contributions

This dissertation consist of statistical model de nition, algorithms develop-
ing, theoretical analysis, computer simulations and realeld test for some
algorithms. Its main contributions are:

Part |

1. A methodology to estimate the position of a wireless netwo el-
ement using radio measurements (TOA, AOA, TDOA and RSS)
corrupted by measurement noise, systematic o sets, quaattion,
multipath and NLOS propagation.

2. A Timing Advance-Based Localization Algorithm (TABLA) to
localize a BS using quantized measurements of the time of igais.

3. Two Angle and Delay of Arrival-Based Localization Algothms
(ADABLA) to localize an MS using joint angle and time of arrival
measurements.

Part Il

1. Two methods for exploiting road map information.

2. A batch-recursive algorithm to track a ground moving targt con-
strained to roads using bearings-only measurements in dei.

3. An algorithm to track multiple targets moving along a roadnet-
work using bearings-only measurements performed by mulkgob-
servers.
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Localization In
radiocommunication systems






Introduction to part |

The problem of geographic localization (geolocalisatiorgf a radio source,
operating in a geographical area, is to gather informationetated to the
position of the source and processing that information to fon a location
estimate. In the context of wireless communications systen{such as GSM
and UMTS) the geolocalisation of wireless network elemen{sobile station
or base station) has received considerable attention ovene last few years
[13]. This is due to the vast number of applications which cahe classi ed
into two main categories

Civil: which are those user-oriented applications proposed by mitgnet-
work operators to create new value added services such asatain
information for wireless E-911 calls, location-sensitivilling, fraud de-
tection, eet management, intelligent transportation sysems, etc.

Network operator and military: which are those network operator and
military oriented applications used to design and monitorlie wireless
network systems such as cellular system design and resouncgnage-
ment, surveillance, furtive networks localization, etc.

Several approaches for performing geolocalisation of wass networks el-
ements have been proposed in the literature (good tutorialsan be found
in [36,38,68]). For civil applications the use of a GPS reseir at the mobile
hand-set or techniques based on \ ngerprint" and radiolocon are the most
common ones [36,38]. However, for network operator and rtaly applica-
tions the geolocalisation has often to be performed pasdivdgthe element
to geolocalise does not cooperate in the localisation presg and thus the
use of radiolocation techniques seem to be the most adequateadioloca-
tion techniques consist in measuring the radio signals exaiged between the
network elements during a call. The most common signal measwents are
the Angle-Of-Arrival (AOA), Time-Of-Arrival (TOA), Time- Di erence-Of-
Arrival (TDOA) and Received Signal Strength (RSS) measureents [13, 38].
Based on the mathematical approach used to process colletieeasurements,
location algorithms can be classi ed as deterministic andrpbabilistic. In

7
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the former the problem of geolocalising a network elementusually modeled
as the intersection of a set of loci, each of which is de ned k@ given mea-
surement [36]. In the event of having a number of measuremsrthat overde-
termines the equations system it is common to combine all alable mea-
surements using the lest-squares method to obtain a positi@stimate [68].
On the other hand, algorithms based on probabilistic modelassume some
knowledge about the distribution of the radio measuremenisnd compute the
position estimate using, for example, the maximume-likelinod (ML) method
or a Bayesian technique [68].

Deterministic versus probabilistic location algorithms

One of the major problems in most wireless signal propagati@nvironments
is the loss of the line-of-sight path between the network eteent and the sen-
sor stations, a condition which has become known as non-lioesight (NLOS)
propagation. The NLOS propagation is one of the most importd sources
of error a ecting radio measurements. Therefore, the abili of the location
algorithms to deal with measurements corrupted by an NLOS ppagation
determines its e ectiveness. In order to deal with NLOS measements de-
terministic algorithms incorporates some additional coisaints based on the
geometry of the network element and interceptors position® rule out or
weight NLOS measurements (see as examples [14, 85, 86]). émegal, the
accuracy of these algorithms to determine the network elemis position
depends on three factors; a high number of sensor stationbetLOS condi-
tion for the majority of sensor stations and high SNRs. Unfounately, all
these conditions are rarely ful lled in real environmentswhere the number
of sensor stations is limited because of logistic reasong][2nd not all of
them are in an LOS regime with respect to the network elemenbtlocate.
Furthermore, high SNRs cannot always be assured for all pa&ipating sensor
stations because of power control issues [6]. On the othemida probabilistic
algorithms take into account the random nature of radio meagsements us-
ing robust error distributions (see [18,38] as examples) through the use of
scattering models for NLOS radio measurements, i.e. the gror the disk of
scatterers models [6]. The use of such algorithms not onlylpgo mitigate
the e ect of an NLOS propagation, but also can incorporated NOS radio
measurements to perform localization even in a complete NISOregime.
The accuracy to estimate the position of a network element g a proba-
bilistic location algorithm depends on the ability of the satistical model used
to describe the random behavior of radio measurements. Raistatistical
models must account for NLOS measurements, as well as somigeotsources
of error related to the propagation environment and today'svireless com-
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munication systems limitations. The most important source of error are the
presence of measurement noise [84], systematic o sets 8,93], and mul-
tipath propagation [13, 81] which may produce the observatn of multiple
radio measurements (one for each propagating path) at a givégime. The
main limitation in any wireless communication system is a dhced band-
width, which may give rise to a measurement representationithr a nite
precision, i.e. quantizing measurements [51, 54, 74, 75].heFefore, nding
reliable statistical models able to take into account mulpath propagation,
NLOS propagation, measurement noise, systematic o sets @muantization
is a key problem in this area.

Prior work

Probabilistic algorithms may be classi ed into parametricor nonparametric
algorithms according to whether they are based on parametror nonpara-
metric estimation techniques. Non-parametric (or distribtion-free) tech-
niques are mathematical procedures for statistical hypo#sis testing which,
unlike parametric techniques, make no assumptions about eéhprobability
distributions of the variables being assessed [34].

This dissertation part focusses on the localization of wikess network
elements (MSs or BSs) using parametric estimation technigs. The objective
is to provide a robust methodology to localize network elemes using the
most common radio measurements (TOA, TDOA, AOA and RSS) caupted
by measurement noise, systematic o sets, quantization, ntigpath and NLOS
propagation. Nonparametric-based estimation techniquesre not exploited
because they require the use of survey data, which may not beadable for
the applications faced in this dissertation. However, theeader is refereed
to [52{54, 89] for some recent contributions using such teaigues. A brief
survey of other work that has been done in the area of networkeeents'
position estimation using parametric estimation techniges is in order.

Several algorithms to perform geolocalisation in wirelesgetworks have
been proposed in the literature (see [1,4,6, 28,62, 64, 78,%] as examples
and the references there in). However, such algorithms ongpmbat the
sources of error described in the previous section partial Reference [90]
proposes a method to locate an MS in IS-95 CDMA networks. Theathod
attempts to reconstruct LOS TOA or AOA measurements from a sees of
both LOS and NLOS TOA or AOA measurements made over time and as
sumes knowledge of the NLOS standard deviation for identifyg NLOS BSs.
References [28, 62, 75] performs MS location estimation atrdcking using

SUp to the knowledge of the author.
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quantized measurements of TOA. Only the approach presenteéd [28] deals
with the presence of NLOS measurements. In this case, when BIbOS

measurement is detected (according to a threshold) the memement noise
variance is increased, producing a decrease in the Kalmartet gain and

alleviating the e ect of the error over the position estimae. Al-Jazzar and
Caery in [4, 6] consider scattering models for the TOA in NLG® environ-
ments in order to obtain an improved TOA estimate from a set ofTOA

measurements corrupted by multipath errors. The algorithm show a good
performance even in scenarios where the minimum of three B&g in a com-
pletely NLOS regime and there is presence of multiple TOA mearements
at each scan due to multipath propagation. Finally, Riba andJrruela in [64]

propose an algorithm to detect the NLOS-BSs using the reduadt infor-

mation present in the TOA measurements when more than the mimum

number of BSs are present. In such a situation, several hypasis of the
set of BSs under NLOS scenarios are formulated and, on the isasf the

ML-detection principle, the most suitable hypothesis can & selected.

Most of the proposed algorithms only cope partially with thesources of
error previously discussed. Furthermore, many of these algthms do not
provide a general methodology to treat di erent kind of measrements. In
this dissertation we seek to overcome the mentioned souragfserror and to
provide a general methodology able to exploit any king of ramlmeasurements
to accurately localize wireless network elements.

Overview of this part

This work addresses the localization of wireless networkeehents (BSs and
MSs) from measurements of the radio signals exchanged betwehe BS(s)
and the MS during a call. It is considered that the radio measaments may
be corrupted by additive noise, systematic o sets and quait#ation. Fur-

thermore, we considered that due to multipath propagationhe observations
may consist in multiple radio measurements associated toamapropagation
path and that in the case of an NLOS propagation regime all obsvations
correspond to NLOS measurements. Some major assumptionsmake are:

1. Each sensor station measures signals generated from tlework ele-
ment to geolocalise.

2. The network element to geolocalise is considered to stay a given
position in space during the whole location procedure.

The rest of this part is organized as follows. In chapter 1 waq@vide some
general concepts on wireless network geolocalisation, aalvas the principal
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sources of error a ecting radio measurements present in tags wireless com-
munication systems. Based on this study we propose the ststical model
and we present the theory of the expectation-maximizationlgorithm which
has been selected as the algorithm for parameter estimatiomn chapter 2
we apply the proposed methodology to localize a BS from quazed TOA
measurements. The resulting algorithm is tested using sitated data and
real eld measurements. Chapter 3 presents an algorithm, bad on the
proposed methodology, to locate an MS using joint AOA and TOAnea-
surements of the multipath signals impinging on a antenna eay situated
at the participating BSs. The resulting algorithm is testedusing simulated
data. Appendices A and B provide some material support for elpter 2, and
appendices C and D for chapter 3.

Some of the work presented in this part has been published dg the
course of this research. The applications presented in chiaps 2 and 3 appear
respectively in [18] and [20].

Contributions

This part consist of statistical model de nition, algorithms developing, theo-
retical analysis, computer simulations and real eld testdr some algorithms.
Its main contributions to the eld of wireless network geolgalisation are:

1. A methodology to estimate the position of a wireless netwo element
using radio measurements (TOA, AOA, TDOA and RSS) corrupted
by measurement noise, systematic o sets, quantization, rtipath and
NLOS propagation.

2. A Timing Advance-Based Localization Algorithm (TABLA) to localize
a BS using quantized measurements of the time of arrivals.

3. Two Angle and Delay of Arrival-Based Localization Algothms (AD-
ABLA) to localize an MS using joint angle and time of arrival nea-
surements.






Chapter 1

Measurement model

This chapter introduces a statistical model for radio measaments in wireless
communication systems, which accounts for impairments due multipath
and NLOS propagation, measurement noise, systematic o seand quanti-
zation. It also provides the theory of the expectation-maxnization (EM)
algorithm to estimate the parameters of interest. Becausd the exibility of
the proposed approach di erent types of signal measurementt in the same
framework i.e. time of arrival (TOA), angle of arrival (AOA), time di erences
of arrival (TDOA), received signal strength (RSS), etc. Theorganization of
this chapter is as follows. In section 1.1 we present a lo@tion system
classi cation, then in section 1.2 we review the most used da measure-
ments and the associated localization techniques. Secti@rB discusses the
most common sources of error a ecting the radio measurementThe stat-
ical model accounting for the aforementioned impairmentssidescribed in
section 1.4. Section 1.5 outlines the expectation-maxinaizon algorithm to
obtain the maximum likelihood estimate. Finally, we preserthe conclusions
in section 1.6.

1.1 Localization system classi cation

According to where the radio measurements are made and whéne position
information is used, the localization systems fall into twanain categories:
self-localization and remote localization. In order to keea general frame-
work in the following discussion we mean by:

Target : the network element to be localized (BS or MS), and by

Observer : the xed (or moving) sensor platform able to perform mea-
surements from the target emissions.

13
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1.1.1 Self-localization

In a self-localization system the target makes the appromte signal mea-
surements from geographically distributed transmitters iad uses these mea-
surements to determine its position. Therefore, the targdbtecomes also the
observer. For instance, a well-known form of self-localizan in wireless
communication systems is given by a mobile station (MS) detaining its
position from signals received from some base stations (BSs from the
global positioning system (GPS).

1.1.2 Remote localization

In a remote localization system, observers at one or more &ions measure
a signal originating from, or re ecting o, the target to be localized. These
measurements are communicated to a central site where theseacombined
to give an estimate of the position of the target. In wirelessommunication
systems it is usually used to determine the position of an MSybmeasuring
its signal parameters when received at the network BSs. Inithtype of
localization, the BSs measure the signals transmitted fromn MS and relay
them to a central site for further processing and data fusioto provide an
estimate of the MS location.

1.2 Measurements and localization tech-
nigues

No matter which localization system is used, the treatment fothe radio
measurements to estimate the position of a target is the samd&here are
a variety of ways in which position can be derived from the mesarement
of radio signals, and these can be applied to any cellular s, including
GSM. The most important measurements are propagation timerdime of
arrival (TOA), time di erence of arrival (TDOA), angle of ar rival (AOA), and
received signal strength (RSS). The use of a particular typaf measurement
de nes a technique. However, all these techniques coincitethat, in general,
each measurement de nes a locus on which the target must li@he point
at which the loci from multiple measurements intersect de as the position
of the target.

For simplicity in the following discussion on localizationtechniques, it
is assumed that the observer(s) and target lie in the same pla. Meaning
that the loci will be curves in two-dimensional space rathethan surfaces in
three-dimensional space. Thus, let denote the two-dimensial (2-D) target
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position by
p=(xy)'
and the known observer position by
p= (X"
wherei = 1:::1. Herel may have two meanings depending on whether

we are using several xed observers or a single moving obsetrvTherefore,
for the former casel is the number of xed observers at di erent positions.
And for the latter case,| is the number of di erent positions where the same
observer perform radio measurements. In both cases, thedat is considered
to remain at a xed position.

The generic measuremeng; relative to the i-th observer position is a
function hy,e (p; p) of both target position and observer position.

1.2.1 Time based techniques

In the sequel all measured times are multiplied by the speed lght to get a
measure in meters rather than in nanoseconds.

Time of arrival (TOA)

The signal's travel time between the target and observer cdre expressed in
a completely synchronized network as follows

zi = jip pii = hroa(p;p)

The distance between the target and observer, computed frothe mea-
sured propagation time, provides a circle, centered at theéoserver's position,
on which the target must lie. Placing the observers at threei@rent loca-
tions, the target's position is given by the intersection ofts corresponding
circles [40], [27] (see gure 1.1.a). This requires that thebservers know the
exact time at which the target will transmit, and that the observers have a
very stable and accurate clock. Usually, the target clock isot synchronized,
so its clock bias must be treated as a nuisance parameter.

Time di erence of arrival (TDOA)

Taking time di erences of TOA measurements eliminates thelack bias nui-
sance parameter. It is a practical target measurement reked to relative
distance, which can be expressed as
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zij = jip R i P P = hrooa (P;R;P})

The time di erence is converted to a constant distance di eence to two
observers to de ne a hyperbolic curve, with foci at the obseers positions.
The intersection of two hyperbolas determines the positionf the target.
Therefore, it is necessary to place three observers (2D cat®wn in gure
1.1.b) at di erent positions for localization. As for TOA, the synchronization
accuracy determines the performance but also the observecétions.

Round trip time (RTT)

This approach involves the measurement of the round-trip mie of a signal
transmitted from an observer to a target and then echoed bado the ob-
server, giving a result twice that of the TOA.

zi = 2htoa(p;p)

As in the TOA localization technique, the target position wil be given
by the intersection of three circles centered at the obsemgepositions. This
method does not rely on the synchronization between the taef and the
observer, and is the more common means of measuring propagatime.

1.2.2 Angle-Of arrival (AOA)

The AOA may be measured either with a mechanically steered maw
beamwidth antenna or with a xed array of antennas. The AOA masure-
ment expressed as

zi = hpoa (P; P)

de nes a line of bearing formed by a radial from an observer tihe target.
The intersection of two directional lines of bearing de nes unique position
of the target (see gure 1.1.c). This technique requires a mimum of two
observers to determine a position and does not require thergpronization
between target and observer.

1.2.3 Received signal strength (RSS)

The transmitted and received signal power are known to the éation system,
so the signal attenuation (which increases with distanceyao be computed.
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The attenuation is averaged over fast fading and depends ohet traveled
distance and slow fading. The RSS measurement which can bemssed as

z = hrss(jjp  pijj)

provides a distance estimate between the target and observeAs in TOA
case, such a distance de nes a circle centered at the obses/@osition on
which the target must lie. By collecting multiple RSS measw@ments at di er-
ent positions, the location of the target can be determinedytthe intersection
of at least three circles [40].

1.2.4 Hybrid techniques

A hybrid technique, i.e. mixing TDOA-RSS, AOA-TOA, etc. may be used
to obtain more accurate target position estimates [79,83hd to reduce the
number of observers used in the location process [27]. Foample, a loca-
tion system combining a TOA measurement with an AOA measureemt can
estimate the target position with a single xed observer, s gure 1.1.d.

1.3 Sources of error

The positioning techniques described above perform well situations where
the measurements are free of errors. However, radio signabpagation is a
complex phenomenon subject to random errors, which may prock inaccu-
racies on the measurement process of the received signalsidéistanding
the sources of error present in radio location systems is cral to the devel-
opment of good observation models for accurate radio souldogation. Some
of the most important sources of error are presented below.

1.3.1 Noise measurement

When the measurements are made on signals propagating vigedt or line of
sight (LOS) paths, then it is commonly assumed that the estiation errors
are small and primarily due to equipment measurement erros background
noise. The background noise, is commonly assumed to be a white random
process. Hence
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Figure 1.1: Examples of generic localization technigues) propagation time

measurements and received signal strength (range); b) TDQAeasurements;
c) angle of arrival measurements; d) combination of range dmangle measure-
ments. A, B, and C represents the xed observers. The targesipositioned
at the intersection of the loci and X stands for the true targeposition.



19 Chapter 1. Measurement model

wheret 2 Rand ?is the noise variance. Motivated by asymptotic arguments
or the central limit theorem, the random behavior of backgrend noise is
modeled as Gaussian distributed [84]. Therefore,

pe(&) = N(0; ?)

where N (0; ?) is short-hand notation for the Gaussian probability densy
function (pdf)

pe(e) =(2 2 Pexp( =2 ?)

If this is not the case, the Gaussian distribution is the leasnformative distri-

bution for a given variance, so the lower bounds to be computsstill hold for

estimation and ltering algorithms based on the Gaussian asimption [38].
Thus, the generic measurement accounting for noise and asponding to
the LOS path at i-th observer can be written as

z, = h(p;p) + &:

1.3.2 Multipath

The multipath phenomenon is caused by objects (scattererk)ing in the en-
vironment a radio signal is propagating in. Multipath causs the spread of
signals in time and space (and also in frequency if the target moving), i.e.
the received signal consists of multiple time-delayed reghs of the transmit-
ted signal, arriving from various directions. The cause Igein the four basic
mechanisms that govern wave propagation: re ection, refction, di raction
and scattering, see gure 1.2. According to [81] the noisake received signal
at time t, with t 2 R, for a specular multipath environment may be written

as
Wi
re=a( st ) (1.1)

i=1

where
M; is the number of propagating paths at the-th observer position,

a( j) is the antenna response for a signal with an AOA of, (more of
this in chapter 3),

b (t) is the complex path attenuation (fading), and

s(t ;) is the narrowband transmitted signal with time delay ;.
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Figure 1.2: Propagation mechanisms.

As it can be inferred direct estimation of the LOS parametergAOA,
TOA, RSS, etc.) from the received signal;, may present large errors due to
the presence of secondary paths [13]. Therefore, the acayaf the location
method would be reduced. One way to overcome this is to deteall the
multipath components and to chose that one associated to the&S path for
location purposes. For instance, in wireless communicaticsystems high-
resolution techniques, such as MUSIC and ESPRIT have been ployed
to estimate the multipath parameters. Therefore, detectig the multipath
components at thei-th observer position, the generic measurement is not
longer a scalar but a vector that can be written as

Yi= oyby oy
wherey! is the generic measurement corresponding to theth path at ob-
serveri. It should be noticed that elements in vectorY; may be composed
by an LOS (if present) andM; 1 NLOS measurements.

1.3.3 Non-line-of-sight propagation

An important source of error in the measurements is due to thpresence of
objects obstructing the line of sight between observer andtget. In such
a situation the emitted signal is re ected or diracted and takes a longer
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path than the LOS one. In time-based location systems, the noline of
sight (NLOS) propagation introduces a positive error in theime measure-
ments. This error can average 400-700m in the GSM [72]. Hend®d_OS
propagation will severely bias the TOA or TDOA measurementgsven when
high-resolution timing techniques are employed and theres ino multipath
interference. On the other hand, the error in AOA due to NLOS mpaga-
tion can be either positive or negative [84]. Further, the ngnitude of AOA
error depends on the location of the scatterer or obstacleahis closest to
the observer along the direction of the incoming signal. Siterers close to
the observer can result in the range [@ ] and consequently the measured
AOAs may be too unreliable for localization purposes [24,B4

Since, in general, the random behavior of NLOS measurememssvery
dependent on the environment, as well as on the position ofdhscatterers
with respect to the target and observer's positions, then its often conve-
nient to treat NLOS measurements as \outliers" [38]. Beca@soutliers do
not provide any information about the target position, thenthey should be
ruled-out from the localization process in order to producaccurate target
position estimations. Therefore, in order to deal with NLOSneasurements
in a statistical manner, one may assume a at prior of such mearements
over the measurement spacg. This is

p(yN-%) = U(E)

where U(E) is short-hand notation for the uniform distribution over the
spaceE. Of curse, it is possible to consider a more informative pdbf the

NLOS measurements (if available). For instance, in the preace of scatter-
ers around the target well-known statistical models of an NDS propagation
are given by thering of scatterers or disk of scatterersmodels [5]. This is
not consider in this dissertation part. However, the methoalogy proposed in
this chapter can be easely extended to such a situation comsiing a di erent

pdf for the NLOS measurements.

1.3.4 Systematic o sets

As it was seen the TOA based location technique requires acate synchro-
nization between the sensor and source clocks so that the reegements are
adequate approximations for the actual distances. Many ohé current wire-
less system standards only mandate tight timing synchroration among base
stations. However, some of them as the IS-95A (CDMA) standdy published
by the Telecommunications Industry Association (TIA) of Adington, Va., al-

lows up to a 10 microsecond uncertainty in the time of transrasion from the
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base stations to the mobile stations [31]. Because the wisk signal prop-
agates at the speed of light, approximately 3 1®m/s, a 10 microsecond
0 set in transmission time, translates to 3 kilometers in raging error. On
the other hand, the source clock itself might have a drift thacan reach a
few microseconds [68]. This drift directly generates an eurin the location
estimate of the TOA and RTT method. For example, in the GSM stadard
the mobile station timing o sets are detected and reported wh an accuracy
of 1 symbol period [29]. Angle of arrival based location systemmay also
present some systematic o sets due to aws in the antenna ptament [94].
Typically, these errors tend to be mitigated with expensiveperiodical cal-
ibration and maintenance of the antenna systems. Howeveralibration as
a means to reduce bias error will not work for existing systesndesigned
without incorporating that approach ab initio [25].

Hence, in order to accurately obtain position estimates itsinecessary to
take into account such systematic o sets. Thus, the LOS measement is

z=h(p;p)+ i+e
where ' stands for a constant o set at observei.

1.3.5 Quantization

In remote localization systems, if the communication link etween observers
and central site is stringent, it may be required the quantiation of the mea-
surements before its transmission. Quantized measuremeninay be also
originated by the nite-precision hardware used to measuredio signals. For
instance, in [51,54] the localization of a MS is achieved pressing quantized
measurements of the TDOA and/or RSS, performed by the MS. Atloer ex-
ample is given by the localization of a BS or an MS in a TDMA baskcom-
munication systems using quantized measurements of the TJA8, 75]. In
TDMA based communication systems, such as GSM, the base stat (BS)
send, for synchronization purposes, to each mobile statigMS) a timing
advance (TA) which represents the perceived amount of rourttip propa-
gation delay BS-MS-BS. In the GSM standard, the TA is quantied to with
a quantization step of 553m. As it can be inferred, in situatins where the
quantization error is signi cant, it must be taken into accant in order to ob-
tain accurate target position estimations. Thus, to accourfor quantization
let denote the generic measurement as

Y = Q(z)

wherey-°S now belongs to anN -element nite set Sy, and Q stands for the
quantizer.
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1.4 Measurement model proposal

Let denote h(p; p) the generic relationship between the target and the ob-
server positions, located respectively ip and p;, wherei = 1:::n. To sum
up the e ects of additive noise, the presence of multiple simtaneous mea-
surements due to multipath, outliers, systematic o sets at quantization, on
the measurement process di(p;p), we propose the following observation
model

Yo =yl oy? y (1.2)
where

i Q(z), if =]

i = ui; if ;6j or ;=0 (1.3)
with

z = h(p;p)+ it+e (1.4)

where we made the following assumptions:

f Yigi-1.n IS @ sequence of independent random vectors, where ebth
dimensional vectorY; represents the available measurement vector at
position i.

yf is the j-th element in the observation vectorY;, with j 2
f1;2;:::;M;g, whose discrete random values (if quantization is per-
formed) belong to theN -element nite set Sy .

f u'gi-1.n is a sequence of i.i.d. random variables representing thetou
lying observations, whose discrete random values (if quardtion is
performed) belong to theN -element nite set Sy .

Q( ) denotes the quantization function, which approximates aginuous
entries with a nite (preferably small) set of values taken ifom Sy . It
should be noticed that if quantization is not performed, i.eQ(z) = z,
theny! and u;, for all j and all i, are continuous random variables over
the measurement space.

f e0i=1.n IS @ sequence of independent random variables distributed a
a Gaussian with zero-mean and variance?.

f igiz1n is @ sequence of i.i.d. hidden random variables, taking its
values in the setf 0; 1;:::; M;g, with probability
8

<1 Py if k=0
p( i = k)= . . (1.5)
- Pp=M, if k60
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where Py 2 [0; 1] is the prior probability of target detection. It should
be noticed that ; 6 0 denotes the index of the LOS measurement in
vector Y;, and ; = 0 represents the absence of LOS measurement in
Y.

1.5 Parameter estimation via the EM algo-
rithm

Let Y be a random vector distributed undermp(y; ), wherefp(y; ); 2 ¢
denotes a parametric family of probability density functios indexed by a
parameter 2 ,where isasubsetof RY (for some integerd ). Parameter
estimation consist in estimating the parameter of the pdf p(y; ) using
a set of realizations ofY [43], i.e. using the setYy, = (Y3;:::;Y,). A
common method for performing parameter estimation via meased data is
the maximum-likelihood method [43]. Using this approach,hie parameter
may be estimated according to

N - argmax logp(Yin; )
2

where logp(Y1:n; ) = P " logp(Yi; ) is known as the log-likelihood function
and p(y; ) is the pdf induced from the data model.

When the above maximization is analytically complicated, & alternative
method for optimizing the log-likelihood function is throwgh the use of the
expectation-maximization (EM) algorithm introduced, in its full generality,
by Dempsteret al. (1977) in their landmark paper [26]. The common strand
to problems where this approach is applicable is a notion afcomplete data
which includes de conventional sense afissing data but is much broader
than that. The EM algorithm demonstrates its strength in siuations where
some hypothetical experiments yieldsomplete datathat are related to the
parameters more conveniently than the measurements are.v@n the litera-
ture available on the topic, the objective in this presentabn is not to provide
a comprehensive review of all the results related to the EM gorithm, but
rather to outline the algorithm and to highlight some of its ley features.

1.5.1 Expectation-Maximization algorithm outline

Using the terminology introduced by Dempsteret al., let denote Xy, =

izations of a random vectorX distributed under p(x; ). Let also rename
Y1.n as theincomplete dataset, which according to some statistical model it
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may be viewed as a deterministic function oK .,. Under such a consider-
ations, the EM algorithm consists in iteratively building asequencd gk 1
of parameter estimates given an initial guess. Each iteration is classically
broken into two steps as follows:

1. E-step : consists in evaluating the conditional expectation

X
Q(: W= E Jlogp(Xi; )jYi] (1.6)

i=1
where | is the current estimate of , after k iterations of the algorithm.

2. M-step : maximizes expression (1.6) with respect to to obtain .1,
this is
K+l = arggnax Q(; «) 2.7)

The essence of the EM algorithm is that increasin@Q( ; ) forces an increase
of the log-likelihood logp(Y1.n; ) [26], see gure 1.3 for a graphical interpre-
tation. Hence the EM is a monotone optimization algorithm. Erthermore,

if the iterations ever stop at a point 7, then Q( ; ?) has to be maximal at

? (otherwise it would still be possible to improve over ?), and hence ? is
such thatr p(Yin; ?) =0, thatis, this is a stationary point of the likelihood
Stronger conditions are required to ensure that the sequenof parameter
estimates produced by EM from any starting point indeed comrges to a
limit 7 2 [16]. However, it is actually true that when convergence toa

point takes place, the limit has to be a stationary point of tke likelihood.
The reader is referred to [91] and [55] for the convergenceoperties of the

EM algorithm.

Generalized EM algorithm

In the formulation of the EM algorithm described above, .; is chosen
as the value of for which Q(; «) was maximized. While this ensures
the greatest increase in log(Yyn; ), it is however possible to relax the
requirement of maximization to one of simply increasin@(; «) so that
Q( k+1] k) Q( «J «)- This approach, to simply increase and not necessarily
maximize Q( k+1] «) is known as the Generalized Expectation Maximization
(GEM) algorithm and is often useful in cases where the M-steig di cult.

1.6 Conclusions

In this chapter we rst presented the most used positioningdchniques in
wireless communications systems. We also review some sesrof error
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logp(Yuns wer) .
Q( k+13 k)
logp(Yin; k) = Q( «; «)

logp(Yin; )
Q(; «)

logp(Y1n; ) Q(; «)

Figure 1.3: Graphical interpretation of a single iterationof the EM algo-
rithm: The function Q( j ) is upper-bounded by the likelihood function
logp(Y1n; ). The functions are equal at = . The EM algorithm
chooses ;1 as the value of for which Q( j ¢) is a maximum. Since
logp(Yin; )  Q( ] «) increasingQ( j k) ensures that the value of the like-
lihood function logp(Y1.n; ) is increased at each step.

present in the positioning measurements, which in turn leatb inaccuracies
on the source position estimation in any positioning techgue. Afterwards,
we proposed an statical model accounting for these impairmts. Finally, we
presented the EM algorithm as a means to explore maxima of thi&elihood
of a set of available observations.

In the following chapters we employ the proposed measurememodel and
the EM algorithm to localize network elements of a wirelessommunication
system.



Chapter 2

TABLA: Timing
Advance-Based Localization
Algorithm 1

In this chapter we propose an algorithm to localize a BS of a G&commu-
nications system. The BS position estimation is performedsing a collection
of severely quantized TOA measurements. The TOAs also preseerrors
due systematic o sets, NLOS propagation and additive noiseHence, the
statistical model presented in chapter 1 is used to model thrandom behav-
ior of the measurements. The resulting timing advance-basdocalization
algorithm (TABLA) is tested using real eld measurements ctiected in dif-
ferent environments (rural, semi-urban and urban). Test mults shows the
e ciency of TABLA to localize a BS with an accuracy lower thanthe quan-
tization step.

The remainder of this chapter is organized as follows: semti 2.1 states
the requirements to perform BS localization. In section 2.2 preliminary
study is presented to get an understanding on the type of maagments,
as well as the location technique to be used. Section 2.3 @ets the de-
velopment of the proposed algorithm, which is tested usingystectic data
in section 2.4. In section 2.5 the algorithm is tested emplmg real eld
measurements. Finally, in section 2.6 we give the conclus

2.1 Problem statement

The objective is to propose an approach able to accuratelytiesate the
position of a BS in the GSM communication system. The approhcmust

Ipart of this material appears in [18].

27
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ful Il the following requirements:
the BS to be localized is a non cooperative element,
the communication protocols must not be modi ed, and

the observations consist of timing advance measurementsadable at
the MS.

Thus, under the approach presented in the previous chaptethe target is
considered to be the BS and the observer an MS.

2.2 Preliminary study

In this section we present some basic concepts concerning tldio link in the

GSM communication system. Paying special attention to theiming advance
measurement which can be used for localization purposes.cBwa concepts
will be useful in the understanding of the proposed approadb estimate the

position of a BS, which is detailed in the following sections

2.2.1 Radio link

GSM is a cellular network, which means that mobile phones coect to it by
searching for cells in the immediate vicinity. GSM network®perate in four
di erent frequency ranges. Most GSM networks operate in th800 MHz or
1800 MHz bands. Some countries in the Americas (including G@ada and
the United States) use the 850 MHz and 1900 MHz bands because 900
and 1800 MHz frequency bands were already allocated.

Since radio spectrum is a limited resource shared by all usea method
must be devised to divide up the bandwidth among as many useas possible.
The method chosen by GSM is a combination of Time and Frequenbivision
Multiple Access (TDMA/FDMA). In the 900 MHz band the uplink ( MS to
BS) frequency band is 890915 MHz, and the downlink (BS to MS) frequency
band is 935 960 MHz. This 25 MHz bandwidth is subdivided into 125 carrier
frequency channels, each spaced 200 kHz apart. The freques@re allocated
in pair, so that each uplink/downlink pair is separated withexactly 45 MHz,
see gure 2.1 for a graphical explanation.

Time division multiplexing is used to divide each of the carer frequencies
into eight full-rate or sixteen half-rate logical channelsThere are eight radio
times-slots (giving eight burst periods) grouped into whats called a TDMA
frame and lasts 4.615 ms, see gure 2.2. Half rate channelssualternate
frames in the same times-lot. The duration of a burst is 577s. The total
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25 MHz 25 MHz
890 915 935 960
Uplink Downlink
102 125 102, 125
OS> <> OS> <>
200 kHz
45 MHz
Figure 2.1: GSM frequency multiplexing
4.615 ms N
1 2 3 4 5 6 7 8 Frame (8 slots)
T Training T
Coded data seqléeence Coded data Time slot (156.25 bits)
co
576.92 s g

Figure 2.2: GSM time multiplexing

bit rate for all 8 channels is 270.833 kbit/s, whereas the bitate for each
channel is 22.8 kbit/s.

2.2.2 Timing Advance

In order to get TDMA scheme to work, the bursts from each MS, shring the
same frame, must t correctly into the assigned time slot whe received by
the BS. Otherwise, the bursts from the MSs using adjacent tienslots could
overlap, resulting in a poor transmission or even in a loss cbmmunication.
Unfortunately, the MSs within the same cell are at di erent dstances from its
serving BS, and therefore their transmissions undergo dirent propagation
delays. Thus, in order to ensure the MS' burst period is recsd at the
BS within its respective time-slot, it is used the concept ofiming Advance
(TA). This consists in indicating to each MS the time it must alvance its
transmission in order to not overlap its burst with others inthe same frame,
please see gure 2.3 for a graphical explanation.
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The serving BS measures the TA by assessing the round trip témof
signals exchanged between the MS and BS. Afterwards, the BSues the TA
to the MS in a 6-bit coded number, representing the number ofitoperiods
the MS must advance its transmission time. The TA value can b@apped to
distance based on the transmission rate of the radio. In GSNAé duration of
a bit is approximately T, = 1=R, = 3:70 s. Therefore an advance of one bit
interval will account for a round-trip delay of approximatdy 1,108 meters,
or a one-way distance ofj = 554 m. Since the TA is rounded to the nearest
bit-period during calculation, the actual BS-MS distanced, is:

max 0; TA % q d< TA+% q (2.1)
whereT A is an integer number between 0 and 63, which in turn O indicadeno
timing advance and 63 indicates the maximum timing advanceocresponding
to a propagation delay of 233 s.

In the GSM standard, the TA value is computed from the rst ariived
propagation path which has a signi cant reception power leal. It is available
only in a connected mode (i.e. during the life time of a commigation) and
it is refreshed at the MS side every 480 ms [75].

2.2.3 Localization based on timing advance measure-
ments

Consider a 2D localization and assume the absence of any kioflimpair-
ments in the measurement process of the TA. Under such a cotmins, by re-
trieving a TA value from the MS, the BS must lie in a ring centeed at the MS
position and with inner and outer radii equal toR; = maxf0; (TA 1=2)qg
and R, = (TA + 1=2)q, respectively. Consequently, the use of at least three
TA values at di erent MS positions will permit to localize the BS within a
region delimited by the intersection of the three rings coasponding to the
each TA value, see gure 2.4. It should be notice that the sizef the inter-
section region may be too large, for accurate positioning paoses, because
of its strongly dependence on the quantization step, whicls already xed in
the GSM standard and equals tay = 554 m. In spite of this, by collecting
multiple TA measurements from closely MS positions along grdirection, it
is possible to detect a variation in the TA value. The detectin of such a
variation between two consecutive MS positions will revedahe quantization
bound between the MSs, and thus the radium of the circle on wdfi the BS
lies. By repeating the procedure three times the BS positiocan be esti-
mated with an accuracy that no longer depends on the quantiian step,
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[T\
Lo—@- 0—0
MSI<———> BS MS2
30 km
(@)
1|2 ][3]4]5 6|7 ]8]

Figure 2.3: The timing advance concept: (a) two MSs at di enst distances
from the BS. (b) The bursts of two contiguous MSs overlap beuaae of the
di erent propagation times. (c) Timing advance is used to agid overlapping
bursts.
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Figure 2.4: In the absence any kind of impairments, three TAalues at
di erent positions will con ne the BS position to a region wtose size depend
on the quantization stepg= 554 m.

but on the distance between the MS positions.

In practice, even using the technique described above, it @ cult to
accurately estimate the position of the BS. This is becauséd absolute dis-
tances BS-MS obtained from TA measurements (i.e. using ediom (2.1))
are subject to measurement errors. Three main elements cobtite to this
error. The rst one is the systematic o sets inherent to a BS ad/or MS
transmission drift, which may reach up to 10 s [31,68]. The second one
is the propagation channel which is characterized by multagh and often
by a condition of NLOS between MS and BS. In such a situationf may
happened that the measured TA may be signi cantly di erent fom its real
value, constituting what we refer from now on aroutlying observation Fi-
nally, the third source of error is the nite TA resolution that allows to
represent absolute distances with a resolution @f= 554 m.

The combined e ect of these sources of error can be seen frorper-
imental data. As an example, gure 2.5 reports the histogranof the TA
measurement error computed from real eld measurements germed in an
urban area: the propagation channel and the systematic o & mostly in-
troduce outlying observations and bias the TA measurementrer (the mean
error 1, is positive) and the nite TA resolution introduces a minimum
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Figure 2.5: Distribution of the TA measurement error

negative measurement error [74].

2.3 Proposed approach

In order to increase the accuracy on the BS position estimati, it is necessary
to account for the impairments a ecting the absolute distanes between BS
and MS. A way to do this, is by using the statistical approach gesented in
chapter 1. In the this section we provide the details of such procedure for
this speci c problem.

2.3.1 Observation model

Let us denote by ;(Xs) the absolute distance between the BS and MS, located
respectively atxs and x;. Since only one TA measurement per refresh time
is available at the MS side, only one element is present in thebservation
vector Y; in expression (1.2), thusy; is a scalar and ; 2 f 0; 1g, which enable
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us to write

Yi=QZ) i+U (1 ) (2.2)
where

f Yigiz1.n is @ sequence of random variables, representing the TA value
at the i-th MS position, whose discrete random values belong to the
64-element nite setSg, = f0;1;:::63g,

Q() is the quantizer de ned according to (2.1) as
8
S0 if 0 z<1ig

Q(2) = . _ . .
Sy if (y 3)a z<(y+3)d

and whereq = 554m is the quantization step.

f Zigi=1-n is the sequence of LOS distance measurements BS-MS, con-
sidered to be independent hidden random variables distribed as a
Gaussian with mean ;(Xs)+ and variance 2. Where stands for a
systematic drift and 2 for the variance of the measurement noise.

f igiz1:n is @ sequence of i.i.d. hidden random variables, taking thei
values from the seff 0; 1g, where ; = 1 stands for an LOS observation
and ; = O for an outlier at the i-th MS position. We denotePp =
P( P = 1)

f Uigiz1.n IS a sequence of i.i.d. hidden random variables represemtin
the outlying observations. For simplicity, we assume thatdr an out-
lying observation all values in the setSg, are equally likely. Meaning
that U; is distributed as a discrete uniform random variable over #
set Sg4, With probability P(U; = u;) = 1=64, and

triplets f(U;; i;Zi)g,-,., are independent.

2.3.2 Likelihood of the observations

Let denote the joint probability distribution of (Y;;Zi; i) as p(yi;z; i).
Thus, according to the above assumptions and with some abusethe math-
ematical notation we write
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p(yi;zi; i) = P(yijzi; )p(z)P( i) (2.4)

To nd an expression ofP(yijz; i), notice that the relation Y; = Q(Z;)

is deterministic and that if Z; = z and ; = 1, then P(yjjz; i) = 1fy; =

Q(z)g. On the other hand, if ; =0, then P(yijz; i) =1=N, whereN = 64.
Hence, these allow us to write

. 1
P(yijzi; )= 1fyi = Q(z)glf ;=1g+ le i =0¢g (2.5)
and in a similar manner it can be deduced that
P( )= Pplf ;=1g+(1 Pp)lf ;=0g (2.6)

Now, substituting (2.5) and (2.6) into (2.4) it can be shown

p(yi;zi; )= Polfy, = Q(z)glf j=1g+ - NPD” i =09 p(z)
(2.7)
with
p(z)= (zi; i(xs)+ ; 9 (2.8)

where (z; ; ?2) stands for the pdf a Gaussian random variable with mean
and variance 2.
Marginalizing (2.7) overz and ; we obtain the probability law of the
random variableY;
Z
_ t2 1
P(Yi=vy; )= Po (2 ) ¥e zdt+
I (yi)

Po

(2.9)

where = fxs; ; 2;Ppg stands for the full parameters vector and where
I(yi)=ftiyi=Q(t)g=ft:a t<big (2.10)

represents the integration interval with lower and upper bonds given respec-
tively by

_ mado(yi 1=2)ag  i(xs) (2.11)

B (yi+1=2)g i(Xs) if v, <63
b= +1 if yi =63 (2.12)
Finally, it can be shown that the likelihood of the observatinsy;.,, =
fy1;::'yng may be written as
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Y
L(yzn; )= PMi=yi; ) (2.13)
i=1
whereP(Y; = y;; ) is given by (2.9).

The maximume-likelihood estimate of is given by the maximization of the
likelihood function (eq. (2.13)) w.r.t. . Unfortunately, such a maximization
untractable. However, a simpler procedure to obtain an ML émate is given
by expectation maximization algorithm outlined in chapterl.

2.3.3 Identi ability

The identi ability of a statistical model is an important re quirement in any
estimation problem. A statistical modelfp( ): 2 RY g is said to be
identi able if and only if

p()=p(9, =¢ 8;°¢

where denotes the set of all possible parameter values. Thefore, for the
model under consideration (eq. (2.13)) we can state what fols:

Theorem 1 (non-identi ability) Let =1f;; ;x g be the full param-
eter vector andL (y1.n; ) the likelihood function associated to the incomplete
datayy, = fyi;  ;yng. Then we havel (yin; 9= L(ywn; ), for all n and
for all y;., if and only if P§ = Py, °= and

i(x)+ %= (xs)+ 8i=1; :n (2.14)
Rewriting the latter equation as
i(x) ix)=C 8i=1; ;m

where C = Ois a constant, it can be straightforwardly inferred that
there is no identi ability between xs and x¢ if the MS displacement is along
a hyperbola (or any degenerate case of a hyperbolic curve)tiwbne of its
foci situated at xs. Hence, as a rule-of-thumb, the MS displacement strategy
must avoid hyperbolic trajectories.

2.3.4 3D BS position estimation issue

The BS and MS are located on the earth's surface. Thus, the thsce be-
tween the MS in positionx; and the BS in positionxs, for the i-th measure-
ment, can be written as
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q
i(Xs) = (X1 Xs2)2+ (Xi2  Xs2)?+ (X3 Xs3)? (2.15)

where the indexes 1, 2 and 3 make reference to the three spbhc@ordinates
within a 3D orthogonal coordinate system.

In the application under consideration, the MS moves on theagth's sur-
face within a radium of some kilometers around the BS, thus thi a few
variation in altitude. Therefore, approximatively this caresponds to a quasi-
planar movement in a 2D map. On the other hand, the height of # BS
antennah with respect to the ground is on the order of some tens of meger
It follows that

2

2 i.20(Xs)

where .op (Xs) is the distance between the MS and the orthogonal projectio
of the x5 onto the 2D map. In practice the termh2=2 ; 55 (Xs), Which is on
the order of some units of meters, is di cult to estimate. Ths is because it is
not distinguishable from the systematic o set present on the measurement
process of the absolute distance BS-MS. In order to correctbstimate the
value ofh it is necessary to move the MS with great variations in its aitude.
However, in the situation under consideration such an MS mewment is not
possible. Therefore, we concentrate on a 2D BS position @sétion. Thus,
the absolute distance to be considered is

q
i(Xs) = (Xi;1 Xs;l)2 +(Xi2 Xs;2)2 (2.16)

where the indexes 1 and 2 stand for the 2-D coordinates withithe 2-D
reference coordinate system.

i(Xs) = %ZD (Xs) + h2 i2p (Xs) +

2.3.5 Timing Advance-Based Localization Algorithm
(TABLA) derivation

As it was seen in section 2.3.2 the direct maximization of théelihood func-
tion (eq. (2.13)) to obtain an estimate of the BS position is umbersome.
However, we can use the expectation-maximization algoritih presented in
chapter 1 to obtain the maximum likelihood estimate iteratvely. In the fol-
lowing we provide the details in the derivation of such an itative procedure.
Let fYig-1.n denote incomplete data consisting of TA values, and
fZi; igiz1.n the missing data. TogetherfY;;Z;; igi=1.n form the complete
data, whose associated likelihood function is
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y
I—(yl:n; Z1:ny 1, ) = p(yl 1 Zi; i) (2-17)
i=1
wherep(yi; z; i) is given by (2.7).
Refereing to 1 each iteration of the EM algorithm may be fornmly de-
composed into two steps: an E-step and an M-step.

E-step computation

The E-step consists in evaluating the conditional expectain of the likelihood
of the complete data, eq. (2.17), which can be expressed as

Xon 0
Q(: = E log(p( i;Zi:¥is Nivis~ (2.18)

i=1

It should be noticed that the expectation is taken w.r.t. themissing data
given the incomplete data and the parameters vector. Hence, it is necessary
to know p(z; ijyi; 7). Using (2.7) and Bayes' rule, it is straightforward to
prove that

Polfy = Q(z)glf =1g+ :21f =09 p(z)

P(Yi =vVi;")

p(z; iy )=

(2.19)
where

Bz)= (z i(%)+~ -9

Solving the expectation in (2.18), exploiting expression®.7) and (2.19),
we obtain

X
Q(;J)=" log(Po)F-(y)+log T2 (1 F(y)
i=1
2

+ 532 F(yi) 2G(yi) i(xs) H-vi) iz(xs) 1

% log(2 ?) (2.20)

where
i(Xs) =~ ' i0%)  ix)+t~ ) (2.21)
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and
Pb al 1 12
F(y) = (2 ) fe =Zdy (2.22)
p(Yi; “) Zﬁi
B 2
GAy) = —° (2 ) zte zdt (2.23)
p(Yi; ~) Z&i
M) = 2 @) Hee %at (2.24)
p(Yi; “) &

wherea and fj are respectively given by (2.11) and (2.12) with parameters
%5, ~and ~

M-step computation

In the M-step, a new parameters estimate is obtained maximizingQ( ; )
w.r.t. . However, direct maximization of (2.20) is very di cult because of
its high nonlinearity. Nevertheless, in thegeneralized M-stepwe compute a
new which is chosen in such a way thaQ(; ) > Q (7 7). The essence of
this is that any increase ofQ( ; ) forces an increase of the likelihood of the
incomplete data given by (2.9).

To implement the generalized M-step, we rst maximize (2.20w.r.t. Pp,

and 2 keepingxs = % to then optimize (2.20) w.r.t. Xs regarding all
others parameters as constants. Thus, keeping = %s and canceling the
rst derivative w.rt. Pp, and 2 yields

X

Po = % F-(yi); (2.25)
|—1~>¢I

= ~+ H G(yi) (2.26)
B i=1

2= 20 Hy) P+ (-2 @2

i=1

Now, to maximize (2.20) w.r.t. X5, consider the above as constants in
expression (2.20), and let drop out uninteresting terms, vith allows to write

=2 X 2(xs)

J(Xs) = - i(Xs)G-(yi) + o
i=1
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Then take its gradient w.r.t. X5 gives

- X
rJ(xs) = - li(Xs)r i(Xs) (2.28)
i=1
where
li(Xs) = G(yi) + i(Xs) (2.29)
and
Xs X

roi(xs) = (2.30)

i(xs)
denotes the gradient of j(xs) w.r.t. Xs. Notice that nding a closed-form
expression for the value okg that cancelsr J(xg) is very dicult. How-
ever, we can use the Newton-Raphson method to nd out axs value which
maximizesJ(Xs). This method is characterized by the extensive use of the
gradient, as well as the Hessian matrix associated to the fction to be max-
imized, in this caseJ(Xs). The gradient is given by (2.28) and the Hessian
can be readily computed as

- X 1
Hy (J(Xs)) = - li (Xs)Hyx ( i(Xs)) —r i(Xs)r T i(Xs) (2.31)

i=1
where

He 0= o T2 (0 (00 10T (2.32)

is the Hessian matrix of ;(Xs) w.r.t Xs, and I, stands for the 2x2 identity
matrix. Thus, according to [49] we can obtain a value oks, for which

expression
X = xE+ G H Q) I(xE) (2.33)

where 2 (0;1] is a stepsize in the directiorH *(J(xX))r J(xs(k)) which
assures] (x*1) > J (x¥). The stepsize y can be determined by a backtrack-
ing line search method [59], i.e. step halving, random, gad section search,
polynomial t, etc. [49,88]. Using the step halving backtraking method, we
rst try the full Newton stepsize | = 1, if it does not verify J(xX*) > J (xX),
thentry  =1=2,ifitfailsthentry  =1=4 and so forth, until a prede ned
lower limit for the value of | is reached.

It should be noticed that the use of the Newton-Raphson metlibimplies
iterate within the GEM algorithm, which is, in turn, an iterative procedure
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too. This fact which may appear cumbersome and/or slow can bevoided
by noticing that 1) at each iteration of the Newton-Raphson mthod an
increase ofl (Xs) is assured by the backtracking line search method, and that
2) any increase of] (xs) function leads to a direct increase of the likelihood
of the incomplete data. Therefore, a single iteration = 0) in the Newton-
Raphson method at each iteration of the GEM algorithm would b enough in
the research of a maximum likelihood estimate. Table 2.1 she the proposed
algorithm.

2.3.6 Initialization

It is well known that for multimodal distributions the EM alg orithm will
converge to a local maximum (or saddle point) of the observethta likeli-
hood function, depending on the starting value. This meanshat there is
no guarantee that the EM algorithm converges to the maximumikelihood
estimate. Therefore, to avoid keeping local solutions theelst approach is to
use several di erent initial values for the parameters vect and to run the
algorithm for each initial value. Finally, to choose as the mximum likelihood
estimate the estimated parameters vector with the highestkelihood value.
In this application four parameters must be initialized: the prior proba-
bility of having an LOS measurementPp, the value of the systematic o set
, the standard deviation of the measurement noise, and the BS position
Xs. Taking several di erent initial values for each parametemay be cumber-
some. Instead we propose to use a priori information for thaitialization of
some of the parameters and for the rest to use di erent initlavalues. Hence,
we initialize

Pp = 0:5, which represents the maximum uncertainty for deciding
whether an observation is LOS or not,

~=550 m, according to the observed o set on the collected datab-
tained in real eld measurements,

~ =2 (277 m), as stated in the GSM standard [96], and for

%s, We take several departing points from a prede ned grid of uformly
separated points over the the area of interest, see gure 2.6he area
of interest is de ned as the physical area where the BS is exgied to
be found. Thus, denoting byA the area of interest, we will take BS
position initializations from

A= f(Xl; XZ) X1 2 [Xl;min ; Xl;max]; X2 2 [Xz;min ; X2;max]g
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Timing Advance-Based Localization Algorithm (TABLA)
Computed parameters atp iteration
Xs;5 7 Po
GEM Egs.
li=fz: maXsz' (yi 1=2)ag z<(yi+1=2)g 2.10
F-()= 25 g, (0 i(%s) + = ~P)dz 2.22
G-) = o5 gar, (25 1(%6) 3 )2z 2.23
HAy) = Sos o, (Zi0ks) + = )(29)%dz 2.24
Po=1 L F(y) 2.25
=~ *p = G- 2.26
=7 Li(HAy) FmW+YH (= ) 2.27
Newton-Raphson method Egs.
X9 = g
fork =0; K
(X = (X xE)2+ (X2 XE,)? 2.16
(x) =~ Milx) ixH+~ ) 2.21
li(xe) = Gy) + i(x9) 2.29
ro(x¥)= X@g, 2.30
rI(xg)= % Ly Li(xr i(xs) 2.28
Hy (i(x§)) = —Izl—g) o (x5 () i(x)T 2.32
Ho(Q(x§) = = L LxOH(i(xg))  2r i(xr T i(xs) |2.31
Determine by backtracking
XK = xE 4+ H, I (XE)r I(xK) 2.33
Xs = xK
Computed parameters
Xs, , andPp

Table 2.1: Timing Advance-Based Localization Algorithm TABLA ): one
EM algorithm's iteration.
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BS initialization

True BS position

Figure 2.6: Initialization grid: TABLA is initialized for e ach BS position
(thick crosses) taken from the grid.

where K1:min; X2:min) and (X1.max; X2:max) are respectively the lower left
and upper right coordinates of the vertices of the area of ietest.

Figure 2.7 depicts the convergence of the EM algorithm for drent po-
sition initializations taken from a prede ned grid. Two di erent approaches
were used to update the BS position (eq. (2.33))a) the Newton-Raphson
method using halving step backtracking line search methoatset the step-
size, andb) the classical Newton-Raphson method with xed stepsize, = 1,
which is an alternative version of the EM gradient algorithnpresented in [48].
Two aspects should be noticed: 1) the use of di erent initigdations permit
to discard local maxima by keeping the estimated parametekg&ctor which
gives the highest value of the likelihood function, and 2) # use of a back-
tracking line search method ensures an increase of the likelod at each time
step.

2.3.7 Cramer-Rao bound (CRB)

An important question in estimation theory is whether an estator " has
certain desired properties, in particular, if it convergeso the unknown pa-
rameter it is supposed to estimate. One typical property we want forra














































































































































































































































































































































































































































































































































































